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Abstract：The Flush Airdata Sensing (FADS) system and its pressure model are presented briefly. The       
improved algorithm for calculating the impact pressure, static pressure and modifying coefficient are studied. 
First, the non-linear equations are simplified using Moore-Penrose inverse. Then the impact pressure and static 
pressure are computed with the improved iteration and BP neural network. Both the two improved algorithms 
meet the requirements of the flush airdata sensing system on precision，reliability and speed. BP neural network 
has great advantages on real-time requirements, for it needs only 5% time to reach the required precision      
comparing to the original algorithm. 
Key words：flush airdata sensing system; general inverse; convergence; BP neural network 
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334-339． 
摘   要：简要介绍了嵌入式大气数据传感系统及其空气动力学模型，提出了求解动、静压和修    
正参数的改进算法。改进算法首先应用 Moore-Penrose 广义逆矩阵对非线性方程组进行简化。然   
后采用改进迭代算法和 BP 神经网络求解动、静压和修正系数。改进算法在精度、可靠性和实时
性上都能满足系统的要求。应用 BP 神经网络，达到系统要求的精度所需要的计算时间只相当于
原有算法的 5％，具有更大的实时性优势。 
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The accurate measurement of airdata is critical 
to the flight control, guidance and post-flight analy-
sis of most modern atmospheric flight vehicles[1]. 
Examples of airdata parameters include angle of 
attack, angle of sideslip, free stream dynamic pres-
sure, and free stream static pressure. All other air-
data can be calculated from these four parameters[2]. 
Historically, airdata have been measured 
through the use of intrusive booms or probes which 
penetrate the flow away from the influence of the 
vehicle body. However, the specialized require-
ments of advanced vehicles make the usage of in-
trusive conventional airdata measurement systems 
highly undesirable. The advanced vehicles include 
hypersonic vehicles for which the heating environ-
ment is extremely hostile, stealth vehicles which 
require a minimal radar cross section, and high per-
formance vehicles which operate beyond the postal 
flight regime[1]. 
FADS system was designed originally by Na-
tional Aeronautics and Space Administration 
(NASA) of America during the 1960s.  It has great 
advantages in resolving these problems. Relying on 
a mathematical model that relates surface pressure 
distribution to the airdata state, it does not require 
probing of the local flow field to compute airdata 
parameters. 
FADS system usually uses a matrix of pressure 
orifices on the vehicle nose to estimate airdata pa-
rameters. There is a pressure transducer in each ori-
fice. All of the pressure transducers have serial 
digital outputs, which are connected through an 
individually addressable bus. These pressure signals 
are fed to a computer. It calculates the airdata pa-
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rameters and sends them to the control system or the 
central computer.  
FADS system has great precision. It can be 
used in the condition of high Mach number and 
large scale of angle of attack, and has been success-
fully used on F/A-18, X-33, X-34 and other new 
concept aircrafts. 
1  FADS Aerodynamic Model 
FADS system on X-33 is a typical one. All of 
its pressure transducers are located on the nose of 
the vehicle. There are six transducers to measure the 
pressure distribution. Their pneumatic layout is de-
picted in Fig.1.  
 
 
 
 
 
 
 
 
 
 
 
The FADS pressure model was derived as a 
splice of the closed-form potential flow solution for 
a blunt body, applicable at low subsonic speeds; and 
the modified Newtonian flow model, applicable at 
hypersonic speeds. The two solutions are blended 
with a calibration parameter. This parameter must be 
empirically calibrated to allow for the effects of 
flow compression, body shape, and other systematic 
effects such as shock wave compression or 
Prandtl-Meyer expansion on the forebody[3]. It is a 
function of angle of attack, angle of sideslip and 
Mach number. The resulting model is 
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where pi is the pressure at the location of the ith
（i=1,2⋯6）pressure transducer(the ith port), qc is 
the impact pressure of the free stream, P∞  is the 
static pressure of the free stream, Ma∞ is the Mach 
number of the free stream, ε  is the calibration pa-
rameter, α is the angle of attack, β is the angle of 
sideslip，φi is the clock angle of the ith port，λi is the 
cone angle of the ith port, and θi  is the flow inci-
dence angle of the ith port(the angle between the 
surface normal at the ith port and the velocity vec-
tor). Function g is a definite one. The relation be-
tween Ma∞ and qc/P∞ is described in Fig.2[2]. Func-
tion f can be solved before flight by means of wind 
tunnel tests and other methods (typical curve of 
function f  is like that in Fig.3). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
≤ 
Fig.1  The layout of the pressure transducers 
on the FADS system of X-33 
Fig.2  Relation between Ma∞  and  qc /P∞
Fig.3  Relation between ε and Ma∞ 
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2  Improved Algorithms for FADS System 
In the FADS algorithms developed by NASA, 
the angle of attack and angle of sideslip are esti-
mated with a method called the ‘Triples’ algorithm. 
The detailed discussion and formulas can be seen in 
Ref.3.  
When the values of α and β have been deter-
mined, the incidence angles can be evaluated, and 
only qc, P∞ and ε are unknown. They are computed 
using iteration in the following form 
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This algorithm contains the inverse solution of 
a matrix at each iteration, and this makes it a long 
time to finish the iteration. Furthermore, it is diffi-
cult to know the convergence of the iteration. Thus 
it is not fit for the real-time requirements. 
In this paper, these three parameters are calcu-
lated with the improved iteration and BP neural 
network after simplifying the equations by general 
inverse. 
2.1  Simplifying the equations using general in- 
verse 
The definition of A+: 
Let A∈ nm×C and A* denotes the conjugate 
transpose of A, then the matrix G∈ mn×C is called 
the Moore-Penrose inverse of A if it satisfies the 
following conditions (1)-(4), and G is denoted by  
A+. 
(1)  AGA＝A； 
(2)  GAG＝G； 
(3) (AG)T＝AG； 
(4) (GA)T＝GA. 
A+ is existent and unique, and A+=(A*A)-1A*. 
The inconsistent system of linear equations 
AX=b (A∈ nm×C , )(Ab R∉ ) has no solution. How-
ever, it has a least-squares solution[4] . 
X=A+b 
Eq.(1) is a system of non-liner equations. It can 
be written in the form 
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AX= P                (8) 
It is clearly that Eq.(8) is an inconsistent sys-
tem of linear equations since P and A are constant 
matrixes. Then the least-square solution of Eq.(8) is 
X=A+P. 
2.2  Using improved iteration 
When the value of X is got, as 
⎥⎦
⎤⎢⎣
⎡
−
+=⎥⎦
⎤⎢⎣
⎡ ∞
)1()2(
)1(
c
c
εq
Pq
X
X
 
it can be reduced that  
)2()1)(1(
)2(c
XX
X
P
q
−−=∞ ε         (9) 
Now, the calibration coefficient can be calcu-
lated with the improved iteration. Take the initial 
value of ε as -0.3. 
Because function g is a monofonic function, it 
can be derived from Eq.(4) that  
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Eq.(10) contains no resolution of the inverse 
matrix. When ε has been got, qc and P∞ will be 
easily resolved by 
1
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2.3  Improved iteration convergence analysis 
Since Eq.(10) is to be implemented as part of 
real-time airdata estimation algorithm, it is essential 
that potential instability regions must be identified. 
It must be convergent.  
As for the original iteration, it is impossible to 
analyze the stability of non-linear equations with 
two unknowns. Only a linearized stability analysis 
will determine the behavior of the system with re-
spect to small disturbances[3]. 
 Because Eq.(10) does not contain the sophis-
ticated solution of the inverse of a matrix and it con-
tains only one unknown, it works faster than the 
original iteration. Furthermore, its convergence 
analysis is very easy. 
Let 
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By differentiating Eq.(10) with respect to ε, 
according to the chain rule of composite function, it 
is found that 
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Eq.(14) is dependent only on the free stream 
Mach number, the angle of attack and the angle of 
sideslip for a given port geometry, because r, ε, 
∞Maf ' and g are all dependent on α , β and Ma∞. So 
the stability of the FADS system is dependent only 
on the free stream Mach number, the angle of attack 
and the angle of sideslip. 
Let ),,(' ∞= Mahf βαε . 
For simple iteration formula 
)(εε f=  
If  
1)(' <εf  
then the iteration formula is convergent[5]. 
According to this convergence criterion of 
simple iteration, the iteration Eq.(10) is always 
convergent, when  
1),,( <∞Mah βα              (15) 
Because this can be determined before flight, 
the convergence of the improved iteration can also 
be determined before flight. The results of numeri- 
cal simulation indicate that Eq.(15) is always ten-
able as for X-33. The range of εf ′  is shown in 
Fig.4. 
 
 
 
 
 
 
 
 
 
 
 
2.4  Using BP neural network 
Artificial Neural Network (ANN) is a 
large-scale parallelism nonlinear dynamical system, 
consisting of a series of simple processing units (ar-
tificial neurons). It processes the input knowledge in 
parallel and is characteristic of high-speed calcula-
tion and great robustness. BP neural network, a type 
of artificial neural network, is thus most widely 
used in the statistical computation and data mining 
field as a result of its high nonlinear mapping ability[6].  
When X has been computed,  
let              
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X
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It can be known from Eq.(3) that for given 
definite α and β , ε is the function of Ma∞ .  
Since 
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then for a definite Ma∞，a pair of t and ε can be 
derived. That is to say Eq.(17) and Eq.(3) construct 
Fig.4  The range of εf ′  
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a parameter equation with Ma∞  as the parameter. 
This determines a nonlinear mapping 
)(BP t=ε                 (18) 
Eq.(18) can be modeled with BP neural net-
work. A single input single output BP neural may be 
designed with t as the input and ε as the output and 
the hidden neuron amount initiated as 4. (Here, just 
for convenience，set α＝β＝0，in reality，set the 
vector of {αβ t} as the input.) 
Take the series Ma∞ as {Mi∣i=1,2,⋯,n}，for 
example, set n＝400 and Mi＝0.5+0.01i. Then ac- 
cording to Eq.(17), the series of t{ti∣i=1,2,⋯,n} 
can be obtained. For the same series of Ma∞, ac-
cording to Eq.(3), the series of ε {εi∣i=1,2,⋯,n} 
can also be obtained. 
Then the BP neural network can be trained 
with  these input-output pairs of Eq.(18) as training 
samples. The detailed formula and reduction process 
can be found in Ref.[7]. The hidden neuron amount 
may be raised to reach enough precision. 
As the training process is carried out before 
flight, the time for training does not affect the 
real-time characteristic of the algorithm. After train-
ing the BP neural network can do the non-linear 
mapping of Eq.(18). During the real flight, the value 
of t can be calculated by Eq.(16). After t being put 
into the BP neural work,ε can be computed almost 
immediately as the output. Relation between ε and t 
is shown in Fig.5（α=0，β=0）. It indicates that 
)(BP t=ε  is a monofonic function. 
 
 
 
 
 
 
 
 
 
 
When ε has been got, the qc and P∞ will be 
easily resolved by Eq.(11). 
The detailed discussion on the analysis of 
non-linear mapping with BP neural network, such as 
robustness, precision, fastness and so on, can be 
find in Ref.[7]. 
3  Results 
Data groups of pressure distribution have been 
worked out using computational fluid dynamics soft- 
ware. They are used as the initial data to test the 
algorithms. It was carried out in MATLAB 7.0. The 
random error of the pressure transducer was set 
within 0.1％[3]. Results of five groups of dynamic 
pressure and static pressure data are listed in Table 1 
and Table 2. The results indicate that the dada match 
the original data precisely and the error is always 
within the required 718 Pa[3]. Further detailed analy-
sis of the error will be carried out with Monte Carlo 
method. The improved iteration needs only 70% 
time to reach the same precision comparing to the 
original algorithm, and the algorithm based on BP 
neural network needs only 5% time.  
Table 1  Some data for invalidation and the 
results using improved iteration 
 Original Results Error 
22 158 22 130 －28    
42 666 42 760 94    
61 663 61 356 －307    
88 298 88 449 151    
Dynamic 
pressure/Pa 
100 514 100 460 －54    
81 269 81 286 17    
70 149 70 067 －82    
61 487 61 766 279    
39 115 38 973 －142    
Static 
pressure/Pa 
28 779 28 708 －71    
4  Conclusions 
The flush airdata sensing system is an ad-
vanced system to measure the airdata parameters. 
Given the pressure model, the improved algorithms 
for calculating the impact pressure, static pressure 
and modifying coefficient are studied. After the non- 
Fig.5  Relation between ε and t 
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Table 2  Some data for invalidation and the 
 results using BP network 
 Original Result Error 
22 158 22 133 －25    
42 666 42 767 101    
61 663 61 360 －363    
88 298 88 437 141    
Dynamic pres-
sure/Pa 
100 514 100 469 －45    
81 269 81 289 20    
70 149 70 068 －81    
61 487 61 763 276    
39 115 38 973 －142    
Static  
pressure/Pa 
28 779 28 778 －1    
 
linear equations being simplified using Moore- 
Penrose inverse, the impact pressure, static pressure 
and calibration parameter are computed with the 
improved iteration and BP neural network. The im-
proved iteration is definitely convergent. Both the 
two improved algorithms meet the requirements of 
the flush airdata sensing system. Because it does not 
need solution of inverse of a matrix during the itera-
tions, the improved iteration needs only 70% time to 
reach the same precision comparing to the original 
algorithm. Using BP neural network needs only 5% 
time, thus it has great advantages in real-time 
requirements.  
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